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Recent studies have demonstrated that autonomous robots can outperform 
the task they are programmed for, but are limited in their ability to adapt to 
unexpected situations (Ingrand and Ghallab, 2017). This limitation is due to 
the lack of generalization, i.e., the robot can not transfer knowledge across 
multiple situations. Even the application of modern artificial intelligence (AI) 
techniques does not support a robust generalization when the range of 
probable inputs is infinite (Yang et al., 2018; Mnih et al., 2015; Cai et al., 2017; 
Kober et al., 2013). As a matter of fact, AI methods can interpolate knowledge 
but not extrapolate it, i.e., they can adapt on new, unseen data that are within 
the bounds of their experience, but not on data that are outside the bounds. 
So far, robots have been mostly treated as stand-alone systems in a vacuum, 
while the real world is more complex and includes continuous interaction 
with external entities. Accordingly, the design of a generalized robotic con-
troller is not trivial, in particular when the dynamical condition are unknown.
From the observation of nature, it is possible to deduct the level of compe-
tence that animals have when interacting with the environment. The study 
and understanding of the central nervous system (CNS), which is the main 
responsible of the body complex movements during the interaction with 
the environment (Wolpert and Ghahramani, 2000; D’Angelo and Wheeler-
Kingshott, 2017), may give new insights about the artificial replication of the 
animals’ interactive and adaptive behaviour. As a matter of fact, the CNS 
is constituted by different regions which role, relation and distribution are 
important for the optimal execution of complex tasks (see (Caligiore et al., 
2017) for a review).
This investigation has its foundation in the Human Brain Project (Markram 
et al., 2011), which is trying to achieve a more clear understanding of the 
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brain’s capabilities. Here, we propose the initial design of a distributed and 
modular bio-inspired control architecture that aims to artificially replicate the 
CNS areas involved in planning and executing voluntary movements (figure 1).
The distribution of the architecture is based on the “divide and conquer” 
concept, where the whole system is decomposed into separated and spe-
cialized components. The modularity refers to the independence of each 
component and its interdependence to the other structures of the architec-
ture. The malfunctioning of each module only affects its contribution to the 
system and not to the operating state of the other modules. The design of the 
architecture is specific for gross motor skills involved in the coordination of a 
robotic arm during the interaction with an external system, such as dynamical 
target reaching and object manipulation. The control system will be tested 
mainly on virtual robots in the physical simulation environment offered by the 
Neurorobotics Platform (NRP) (Falotico et al., 2017). The NRP not only includes 
a variety of robot and environments, but also a detailed physics simulator. 
The architecture follows the guidelines from different studies (Caligiore et al., 
2017; Houk and Wise, 1995; Casellato et al., 2012; Tomita and Yano, 37 2007; 
Ryczko et al., 2016; Santos and Matos, 2011) and includes CNS regions such 
as the brain stem (action regulation), the cerebellum (motor adaptation), the 
spinal cord (motor pattern generation), the basal ganglia (action selection), 
and the motor cortex(Initiation, planning, procedure of motion ). The CNS 
areas will be modeled combining classical control and robotics methods 
together with bio-inspired AI techniques.
This study does not only aim to artificially mimic the connectivity and func-
tionality of the CNS (as seen in previous studies (Floreano et al., 2014; Prescott 
et al., 2016; Mitchinson and Prescott, 2016)), but to also analyze, with practical 
evidence, how different brain regions map context-sensitive motor skills as 
proposed by Wolpert and Kawato (Wolpert and Kawato, 1998). This is because 
we believe that the modularity of each brain region is fundamental for the 
extrapolation of valuable information from heterogeneous dynamical stimuli. 
This extrapolation could facilitate the motor prediction and adaptation in 
changing or unknown conditions.
Among these CNS regions, it is well known the pivotal role of the cerebellum 
in motor learning and adaptation (Ito, 2008; Dean et al., 2010; Verduzco-
Flores and O’Reilly, 2015; D’Angelo, 2014). Several robots have been already 
endowed with cerebellar-like control architectures with promising results 
(Garrido Alcazar et al., 2013; Tolu et al., 2012, 2013; Vannucci et al., 2016; 
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Casellato et al., 2015). However, these studies mostly focused on the func-
tionality of a specific CNS region, keeping the contribution and dependency 
with other brain structures neglectable. Moreover, the experiments were run 
in simplified conditions with marginal dynamics, absent interaction with the 
environment, and relative goal, i.e., goal not related to an external reference 
or exteroceptive sensors.
Our investigation will firstly focus on the cerebellum. The way the cerebellum 
maps and processes the sensory information in relation to the execution 
of complex dynamical tasks is not totally clear. We assume that an answer 
could be found in the regular and modular structure of the cerebellum, 
where distinct functional units can be observed (Ruigrok, 2011). In 2006, Ito 
claimed that in each unit a forward or an inverse internal model is captured 
for representing the relation between action and outcome (Ito, 2006). In 
addition to Ito’s internal models theory, there is also evidence that the human 
cerebellum can be modeled by a combination of both inverse and forward 
internal models (Wolpert and Kawato, 1998). Nonetheless, this mixed model 
has not widely been used in robotic control in particular when the charac-
teristics of the robot and/or the environment change. The secondary aspect 
FIGURE 1: The proposed bio-inspired architecture aims to solve the problem of robotic agent  
(in grey) adaptation during the interaction with an external system (in green). The system is 
modelled to control the coordination of a robotic arm during dynamical target reaching and 
object manipulation. The illustration shows only the high-level connections and distribution. 
Each building block will contains bio-inspired structures and classic control theory algorithms. 
Tbe main idea, respect to the literature, is to focus on how the CNS regions internally specialize 
and map heterogeneous motor skills.
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to be investigated is the reciprocal interaction between the cerebellum and 
other CNS areas (Houk and Wise, 1995). The cerebellum will be integrated 
in the distributed architecture shown in figure 1.
Starting from the theory that the cerebellum is decoupled into sub-units, we 
are going to analyze how the specialization of each unit and their coopera-
tion influences the mapping of heterogeneous dynamical information onto 
motor skills. From this analysis, we expect to comprehend how the mal-
functioning of a specific unit can influence the final corrective action of the 
cerebellum. At the same time, this could help to understand which feature 
is not mapped correctly inside the internal model and consequentially cor-
rect this lack. Thereafter, from a macro-level perspective, we will investigate 
how the learned experience is exchanged and utilized across different CNS 
regions for planning and executing context-related motor commands. This 
study could give new guidelines for modeling a more robust and distributed 
robotic control architecture. As matter of fact, the CNS demonstrated that 
the malfunctioning of one system component does not preclude the oper-
ating state of the whole architecture, which is a beneficial aspect for modern 
autonomous robot. On the other hand, the application of neuro-scientific 
assumptions on practical experiments could give a feedback and open new 
lines of research.
To conclude, the outcome of the present investigation will provide the state-of 
the-art for more complex bio-inspired control architectures for neuro-robots 
that learn from experiences under varying dynamical conditions.
ACKNOWLEDGEMENT
This work has received funding from the EU-H2020 Programme under the 
grant agreement n.785907 (Human Brain Project SGA2) and the Marie Curie 
project n. 705100 (Biomodular).
Keywords: cerebellum, modular, neuro-robotics, bio-inspired architecture, motor control and 
learning, adaptive  control
REFERENCES
Cai, J., Shin, R., and Song, D. (2017). Making neural programming architectures generalize via 
recursion. arXiv preprint arXiv:1704.06611
96 School of Brain Cells & Circuits “Camillo Golgi” 
 
School of Brain Cells & Circuits “Camillo Golgi” 
Caligiore, D., Pezzulo, G., Baldassarre, G., Bostan, A. C., Strick, P. L., Doya, K., et al. (2017). Consensus 
paper: towards a systems-level view of cerebellar function: the interplay between cerebellum, 
basal ganglia, and cortex. The Cerebellum 16, 203–229
Casellato, C., Antonietti, A., Garrido, J. A., Ferrigno, G., D’Angelo, E., and Pedrocchi, A. (2015). 
Distributed cerebellar plasticity implements generalized multiple-scale memory components 
in real-robot sensorimotor tasks. Frontiers in Computational Neuroscience 9, 24. doi:10.3389/
fncom.2015.00024
Casellato, C., Pedrocchi, A., Garrido, J., Luque, N., Ferrigno, G., D’Angelo, E., et al. (2012). An 
integrated motor control loop of a human-like robotic arm: feedforward, feedback and cerebel-
lum-based learning. In Biomedical Robotics and Biomechatronics (BioRob), 2012 4th IEEE RAS & 
EMBS International Conference on (IEEE), 562–567
D’Angelo, E. (2014). The organization of plasticity in the cerebellar cortex: from synapses to control. 
In Progress in brain research (Elsevier), vol. 210. 31–58 
D’Angelo, E. and Wheeler-Kingshott, C. (2017). Modelling the brain: Elementary components to 
explain ensemble functions. Rivista Del Nuovo Cimento 40, 297–333
Dean, P., Porrill, J., Ekerot, C.-F., and Jorntell, H. (2010). The cerebellar microcircuit as an adaptive 
filter: ¨ experimental and computational evidence. Nature Reviews Neuroscience 11, 30
Falotico, E., Vannucci, L., Ambrosano, A., Albanese, U., Ulbrich, S., Vasquez Tieck, J. C., et al. (2017). 
Connecting artificial brains to robots in a comprehensive simulation framework: The neurorobotics 
platform. Frontiers in neurorobotics 11, 2
Floreano, D., Ijspeert, A. J., and Schaal, S. (2014). Robotics and neuroscience. Current Biology 24, 
R910–R920
Garrido Alcazar, J., Luque, N., D‘Angelo, E., and Ros, E. (2013). Distributed cerebellar plasticity imple-
ments adaptable gain control in a manipulation task: a closed-loop robotic simulation. Frontiers 
in Neural Circuits 7, 159. doi:10.3389/fncir.2013.00159
Houk, J. C. and Wise, S. P. (1995). Distributed modular architectures linking basal ganglia, cerebel-
lum, and cerebral cortex: their role in planning and controlling action. Cerebral cortex 5, 95–110
Markram, H., Meier, K., Lippert, T., Grillner, S., Frackowiak, R., Dehaene, S., et al. (2011). Introducing 
the human brain project. Procedia Computer Science 7, 39–42 
Ingrand, F. and Ghallab, M. (2017). Deliberation for autonomous robots: A survey. Artificial Intelligence 
247, 10 – 44. doi:https://doi.org/10.1016/j.artint.2014.11.003. Special Issue on AI and Robotics
Ito, M. (2006). Cerebellar circuitry as a neuronal machine. Progress in neurobiology 78, 272–303
Ito, M. (2008). Control of mental activities by internal models in the cerebellum. Nature Reviews 
Neuroscience 9, 304
Kober, J., Bagnell, J. A., and Peters, J. (2013). Reinforcement learning in robotics: A survey. The 
International Journal of Robotics Research 32, 1238–1274
Mitchinson, B. and Prescott, T. J. (2016). Miro: a robot “mammal” with a biomimetic brain-based 
control system. In Conference on Biomimetic and Biohybrid Systems (Springer), 179–191
Mnih, V., Kavukcuoglu, K., Silver, D., Rusu, A. A., Veness, J., Bellemare, M. G., et al. (2015). Human-
level control through deep reinforcement learning. Nature 518, 529
Prescott, T., Ayers, J., Grasso, F., and Verschure, P. (2016). Embodied models and neurorobotics
Ruigrok, T. J. (2011). Ins and outs of cerebellar modules. The cerebellum 10, 464–474
School of Brain Cells & Circuits “Camillo Golgi”  97
 
School of Brain Cells & Circuits “Camillo Golgi” 
Ryczko, D., Thandiackal, R., and Ijspeert, A. J. (2016). Interfacing a salamander brain with a sala-
mander like robot: Control of speed and direction with calcium signals from brainstem reticulo-
spinal neurons. In Biomedical Robotics and Biomechatronics (BioRob), 2016 6th IEEE International 
Conference on (IEEE), 1140–1147
Santos, C. P. and Matos, V. (2011). Gait transition and modulation in a quadruped robot: A brain-
stem-like modulation approach. Robotics and Autonomous Systems 59, 620–634
Tolu, S., Vanegas, M., Garrido, J. A., Luque, N. R., and Ros, E. (2013). Adaptive and predictive control 
of a simulated robot arm. International journal of neural systems 23, 1350010
Tolu, S., Vanegas, M., Luque, N. R., Garrido, J. A., and Ros, E. (2012). Bio-inspired adaptive feedback 
error learning architecture for motor control. Biological cybernetics 106, 507–522
Tomita, N. and Yano, M. (2007). Bipedal robot controlled by the basal ganglia and brainstem systems 
adjusting to indefinite environment. In Complex Medical Engineering, 2007. CME 2007. IEEE/ICME 
International Conference on (IEEE), 116–121
Vannucci, L., Falotico, E., Tolu, S., Dario, P., Lund, H. H., and Laschi, C. (2016). Eye-head stabilization 
mechanism for a humanoid robot tested on human inertial data. In Conference on Biomimetic 
and Biohybrid Systems (Springer), 341–352
Verduzco-Flores, S. O. and O’Reilly, R. C. (2015). How the credit assignment problems in motor 
control could be solved after the cerebellum predicts increases in error. Frontiers in computational 
neuroscience 9, 39
Wolpert, D. M. and Ghahramani, Z. (2000). Computational principles of movement neuroscience. 
Nature neuroscience 3, 1212
Wolpert, D. M. and Kawato, M. (1998). Multiple paired forward and inverse models for motor control. 
Neural networks 11, 1317–1329
Yang, G.-Z., Bellingham, J., Dupont, P. E., Fischer, P., Floridi, L., Full, R., et al. (2018). The grand 
challenges of science robotics. Science Robotics 3. doi:10.1126/scirobotics.aar7650
